Abstract: Flash floods are one of the natural disasters that threaten the lives of many people all over the world every year. Flash floods are significantly affected by the intensification of extreme climate events and interactions with exposed and vulnerable socio-economic systems impede regional development processes. Hence, it is important to estimate the loss due to flash floods before the disaster occurs. However, there are no comprehensive vulnerability assessment results for flash floods in China. Fortunately, the National Mountain Flood Disaster Investigation Project provided a foundation to develop this proposed assessment. In this study, an index system was established from the exposure and disaster reduction capability categories, and is based on analytic hierarchy process (AHP) methods. We evaluated flash flood vulnerability by adopting the support vector machine (SVM) model. Our results showed 439 counties with high and extremely high vulnerability (accounting for 10.5% of the land area and corresponding to approximately 100 million hectares (ha)), 571 counties with moderate vulnerability (accounting for 19.18% of the land area and corresponding to approximately 180 million ha), and 1128 counties with low and extremely low vulnerability (accounting for 39.43% of the land area and corresponding to approximately 370 million ha). The highly-vulnerable counties were mainly concentrated in the south and southeast regions of China, moderately-vulnerable counties were primarily concentrated in the central, northern, and southwestern regions of China, and low-vulnerability counties chiefly occurred in the northwest regions of China. Additionally, the results of the spatial autocorrelation suggested that the "High-High" values of spatial agglomeration areas mainly occurred in the Zhejiang, Fujian, Jiangxi, Hunan, Guangxi, Chongqing, and Beijing areas. On the basis of these results, our study can be used as a proposal for population and building distribution readjustments, and the management of flash floods in China.
Introduction
Worldwide mountain communities have continuously suffered from flash floods, which have regularly caused losses of agricultural land, buildings, infrastructure, and life. China is one of the countries that has suffered the most serious flash floods in the world [1] , and the occurrence of flash floods is increasing. Flash floods are primarily affected by extreme precipitation and the overuse of China is situated in East Asia (3°51′-53°33′N, 73°33′-135°05′E), as shown in Figure 1 . In this study, the prevention and control area of flash floods in China designated by RCFDDRMWR was used as the research area. This area contains 30 provinces, 305 cities, and 2138 counties (districts), with a land area of 7550 million hectares (ha) and a population of nearly 900 million [5] . China has high altitude in the west and low altitude in the east. The lowest altitude is less than 100 m and the highest altitude is more than 8000 m. The terrain is composed of four main plateaus, four basins, and three plains, which are distributed in a step-like manner. Moreover, the terrain is diverse, with a vast mountainous area. As to the precipitation, the average annual precipitation in China is approximately 630 mm, which gradually decreases from the coast to the inland and from the southeast to the northwest. The average annual precipitation can reach up to 2000 mm in coastal areas, such as Guangdong and Fujian, and be no more than 100 mm in northwest areas, such as Tibet and Xinjiang. China experiences a south subtropical monsoon climate with high temperatures and plentiful rainfall, which often contributes to causing geological hazards, such as landslides, debris flows, and hurricanes. According to survey data from NMFDIP, there were approximately 60,000 flash floods from 1950 to 2015. In this area, the flash floods primarily occur in hilly areas [27] . A map of the topography and administrative divisions in China is shown in Figure 1 . 
Data Sources
In this study, the data emphasized four aspects related to flash flood vulnerability: (1) Data related to roads, buildings, flood control projects, enterprises, institutions, monitoring and warning facilities, and river data were obtained from NMFDIP. The NMFDIP data included topography, soil, vegetation, hydrology, social economy, and other information, and the RCFDDRMWRC organization generated more than 120 T of data from 2013 to 2016. (2) Data related to the social, economic, and land use data, which were collected from the Earth System Scientific Data Sharing Platform, ESSDSP (http://www.geodata.cn), (3) Digital Elevation Model (DEM) data were obtained 
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Methodology

Data Normalization
The purpose of data normalization is to eliminate the numerical differences between the columns of vectors due to different dimensions, which can avoid the existence of singular values. Data normalization was used to limit the data to a range (this interval is 0 to 1) using a certain mathematical method. In this study, the mapminmax function in MATLAB software was adopted to normalize the column matrix vectors to 0-1. The formula is given as follows [18] :
x − x min x max − x min (1) where X is the normalized data, x is the raw data, x min is the minimum value of each column vector, and x max is the maximum value of each column vector.
Analytic Hierarchy Process
The analytic hierarchy process (AHP) is a multi-criteria decision-making method that was proposed by Saaty in the early 1980s [28] . AHP can decompose a complex problem into different layers or factors [29] and assign proper weights to various factors, hence it is suitable to the vulnerability system in this study [30] . In this study, AHP was used to confirm the relative significance of each pair of criteria (or sub-criteria) elements using a 9-point system from 1 (equal importance) to 9 (absolute importance) (Table 2) , and then form a comparison matrix (Table 3 ).
Saaty's 1-9 score was applied to determine the weight of each factor [23, 28] . The factor weights were calculated, then the normalized weights, and last the consistency ratios (CR) were tested, which are given as follows:
ISPRS Int. J. Geo-Inf. 2019, 8, 297 5 of 23 where RI is the random index (value depends on the weighted order in the matrix) and CI is the consistency index. The CR must be below 0.1, which indicates that the comparison is consistent. Otherwise, it needs to be revised [28, 31] . The CI is obtained using the following equation:
where λ max is the biggest eigenvalue of the framework and can be effectively decided from the specified matrix and n is the number of vulnerability assessment factors. The support vector machine (SVM) is a new approach developed in recent years that is based on nonlinear transformation [32] , and is a nonlinear mathematical structure that can represent complex nonlinear processes between inputs and outputs of any system [33] . In addition, it can also explore the hidden relationships between inputs and outputs [34, 35] . The mechanism of vulnerability assessment of a flash flood is complex due to incomplete information and many uncertainties [19] . The SVM model can calculate intrinsic rules from a lot of complex and fuzzy input and output variables. The major steps of the algorithm are as follows:
(1) Supposing the training set of known sample set is T = {x 1 , x 2 , . . . , x n , y} where x i is the ith input data (x i ∈ R n ), y is the output data, and i = 1, 2, . . . , n. (2) Then, these data are divided into two categories using an n-dimensional hyperplane to get the maximum interval. This is shown in Equations (4) and (5):
where w is the norm of the hyperplane normal, b is a scalar base, and (·) denotes the scalar product operation.
(3) Using the Lagrange multiplier, the cost function can be defined as follows:
where λ i is the Lagrangian multiplier. The solution can be achieved using the dual minimization of Equation (6) with respect to w and b using standard procedures [36] . (4) For the non-separable case, one can modify the constraints by introducing slack variables, ξ i [36] :
So Equation (6) becomes:
where v ∈ (0, 1], which is introduced to account for misclassification [35, 37] .
In this study, a kernel function, K(x i , x j ), is used to account for the nonlinear decision boundary [36] . At present, the linear kernel functions, the polynomial function, and the RBF and sigmoid kernel function are commonly used kernel functions, and the radial basis function was selected in this study, as shown in Equation (9):
where γ is the parameter of the kernel function. Sometimes kernel functions are parameterized using γ = 1/2σ 2 , where σ is an adjustable parameter that governs the performance of the kernel.
Vulnerability Assessment
Previous research has shown that flash flood vulnerability is negatively correlated with disaster reduction capability and positively correlated with exposure degree [19, 38] . The vulnerability (V) was calculated by using regional data as a proxy for exposure (E) and disaster reduction capability (Re). The vulnerability model was established by using Equation (10):
Spatial Autocorrelation Analysis
Spatial autocorrelation is used to check whether the attribute values of an element are significantly correlated with that of its adjacent spatial points [39] . It is divided into global indicators of spatial association (GISA) and local indicators of spatial association (LISA).
(1) Measuring the overall spatial correlation degree of flash flood vulnerability in China was based on global Moran's I. The global indicators of spatial association Moran's I are given as follows:
where I is the global Moran index, x i and x j are the vulnerability values of county i and j, respectively, x is the average vulnerability of the study area, and W ij is a the spatial relationship between county i and j (1 denotes adjacent relationship and 0 denotes non-adjacent relationship). A Moran's I value greater than 0 indicates a positive spatial correlation, and less than 0 indicates negative spatial correlation.
(2) Global spatial autocorrelation can not accurately reflect the specific spatial location of an agglomeration or anomaly. Therefore, it is necessary to use a local spatial autocorrelation method to explore the vulnerability correlation in some local spatial locations. The LISA Moran's I i are given as follows:
Model for Flash Flood Vulnerability
Establishment of the Assessment Index System
The index system was established by summarizing previous research results to define vulnerability [19, 40] . Disaster vulnerability was defined by the loss extent of a specific element (or a group of elements) suffered from a disaster of certain size (or strength) [8] . For humans, vulnerability refers to the probability that a given life might be lost. For property, vulnerability is the loss of all the damaged material [41] . This study divides the vulnerability of flash floods into two parts: exposure and disaster reduction capability. The vulnerability assessment indicators are shown in Figure 2. where I is the global Moran index, xi and xj are the vulnerability values of county i and j, respectively, x is the average vulnerability of the study area, and Wij is a the spatial relationship between county i and j (1 denotes adjacent relationship and 0 denotes non-adjacent relationship). A Moran's I value greater than 0 indicates a positive spatial correlation, and less than 0 indicates negative spatial correlation. (2) Global spatial autocorrelation can not accurately reflect the specific spatial location of an agglomeration or anomaly. Therefore, it is necessary to use a local spatial autocorrelation method to explore the vulnerability correlation in some local spatial locations. The LISA Moran's Ii are given as follows:
Model for Flash Flood Vulnerability
Establishment of the Assessment Index System
The index system was established by summarizing previous research results to define vulnerability [19, 40] . Disaster vulnerability was defined by the loss extent of a specific element (or a group of elements) suffered from a disaster of certain size (or strength) [8] . For humans, vulnerability refers to the probability that a given life might be lost. For property, vulnerability is the loss of all the damaged material [41] . This study divides the vulnerability of flash floods into two parts: exposure and disaster reduction capability. The vulnerability assessment indicators are shown in Figure 2 . According to previous studies, in regions with the higher exposure, flash floods will cause greater loss. The loss objects of flash floods include material and socio-economic factors [13, 18, 19] . Among them, material exposure includes enterprises and institutions, roads, flood control projects, and buildings. Social exposure only includes human activities (Figure 2 ). The specific initial exposure indicators were selected as follows: Conomic density (GDP) is the gross domestic product (GDP) per assessment unit (D = G i /S i ), with D being the economic density, G i being the GDP in the region i, and S i being the area of region i. c.
Land use type (LUT) includes arable land (ARA), construction land (CON), woodland (WOO), grassland (GRA), water area (WAT), and unused land (UNU).
Disaster Reduction Capability
Previous studies indicate the higher capability of disaster reduction will led to the lower loss from flash floods. Disaster reduction capability primarily includes regional susceptibility, resistance, and resilience [19, [42] [43] [44] [45] . Among them, susceptibility was calculated by using monitoring and warning facilities. Resistance and resilience are classified as coping abilities, which were calculated using the road network density, river network density, and distance between the hospital and settlements ( Figure 2 ). The disaster reduction capability indicators of specific initial flash floods were selected as follows: River density (RID) is the length of all rivers in per assessment unit (D = Ri i /S i ), with D being the RID, Ri i being the length of all rivers in the region i, and S i being the area of region i. c.
Hospital density (HOD) is the number of hospitals in per assessment unit (D = H i /S i ), with D being the HOD, H i being the number of hospital in the region i, and S i being the area of region i.
Assessment Units and Data Preprocessing
Assessment Unit
The size and boundary of an assessment unit will directly affect the assessment result, which is the basic unit of regional vulnerability assessment [46, 47] . Previous studies commonly used assessment units that included uniform condition units, regional units, grid units, slope units, and topographic units [48] [49] [50] . Based on the results [48] , we use the county as an assessment unit. China has 2138 control counties, among them, the maximum area is 22,330,000 ha and the minimum area is 5600 ha.
Data Preprocessing
The flow chart of model building is shown in Figure 3 , which was used as the initial step to develop a new set of vulnerability indicators of flash floods. First, a set of indicators from different sources was collected. Then, a correlation analysis method was used to screen the more appropriate indicators for flash floods. These indicators (e.g., social, material, physical, and environmental factors) were selected in the final assessment system used to determine flash flood vulnerability ( Figure 2 ). Finally, data normalization and AHP were used to quantify each index value. The weight values of each index are shown in Table 4 .
b. River density (RID) is the length of all rivers in per assessment unit (D = Rii/Si), with D being the RID, Rii being the length of all rivers in the region i, and Si being the area of region i. c. Hospital density (HOD) is the number of hospitals in per assessment unit (D = Hi/Si), with D being the HOD, Hi being the number of hospital in the region i, and Si being the area of region i.
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Assessment Unit
Data Preprocessing
The flow chart of model building is shown in Figure 3 , which was used as the initial step to develop a new set of vulnerability indicators of flash floods. First, a set of indicators from different sources was collected. Then, a correlation analysis method was used to screen the more appropriate indicators for flash floods. These indicators (e.g., social, material, physical, and environmental factors) were selected in the final assessment system used to determine flash flood vulnerability ( Figure 2 ). Finally, data normalization and AHP were used to quantify each index value. The weight values of each index are shown in Table 4 . 
Results
The exposure assessment factors (ENI, roads, FCP, and buildings) were expressed as vector maps, with the exception of the human activity factors (POD, GDP, and LUT), which were expressed in a raster format. In addition, the assessment factors of disaster reduction capability (MWF, ROD, RID, and HOD) were expressed as vector maps. These factors were input into the statistical analysis using an overlaying analysis based on the ArcGIS. Then, the index data was normalized and input into a SVM model for simulation. The exposure (E) and disaster reduction capability (Re) values of 2138 counties were output. Based on the classification criteria of the assessment indicators used to predict the flash flood exposure and disaster reduction degree, standard samples (training samples and test samples) were established using a specific mathematical method (Table A1 ). In this study, the degree of vulnerability to flash floods was divided into five grades: extremely low (I), low (II), moderate (III), high (IV), and extremely high (V). When establishing the empty matrix, the sample size of each grade was set to 200 and the training sample size was 1000. Interpolation theory was used to establish samples during the building process of the SVM model, which can avoid artificial interference. Exposure indicators and disaster reduction indicators were divided into five grades, 0-0.2, 0.2-0.4, 0.4-0.6, 0.6-0.8, and 0.8-1.0, based on the equal distance method. According to the order from low to high, 200 sets of random interpolation data for each interval were generated and were used as samples of the exposure and disaster reduction indicators. The output values were obtained by interpolating 1000 values. These values were equidistant over the interval of (0, 1) (Table A1) . Furthermore, the AHP and SVM methods were conducted based on the package "e1071" in R software (R Core Development Team, R Foundation for Statistical Computing, Vienna, Austria). The degree of vulnerability (V) was calculated using Equation (10).
Exposure Assessment
The exposure assessment results calculated using the above method are shown in Figure 4 . The assessment results were divided into extremely low (0-0.11), low (0.11-0.27), moderate (0.27-0.38), high (0.38-0.55), and extremely high (0.55-1.0) based on the natural break point method [51] . The spatial differentiation of flash flood exposure becomes more significant from the northwest to the southeast in China. The statistical results of exposure quantity, area, and proportion of each grade are shown in Table 5 . Thirty-three counties (25,806,700 ha) had extremely high exposure, 111 counties (7,405,400 ha) had high exposure, 427 counties (101,239,400 ha) had moderate exposure, 1388 counties (519,503,800 ha) had low exposure, and 179 counties (339,800 ha) had extremely low exposure (Figure 4 ). The high exposure areas were primarily located in the eastern coastal urban areas and Beijing-Tianjin-Hebei urban agglomerations, which includes the Yangtze River Delta, Pearl River Delta, and Bohai Rim (Figure 4 ). In addition, Zhengzhou, Wuhan, Changsha, Changchun, Chongqing, Chengdu, and Xi'an were also dominant ( Figure 4) . The areas and proportions of exposure (five grades) in China's provinces are shown in Table 6 . Guangdong (5.2 × 10 6 ha), Zhejiang (4.7 × 10 6 ha), Hubei (4.1 × 10 6 ha), Liaoning (3.9 × 10 6 ha) and Fujian (3.1 × 10 6 ha) have the highest exposure, followed by Sichuan, Hunan, Jiangxi, and Henan. The lowest exposure areas include Tibet, Xinjiang, Qinghai, and Inner Mongolia (Table 6 ). Yongjia had the highest exposure degree (extremely high) to flash floods ( Figure 4 ). In contrast, low exposure values were mainly distributed in economically less-developed regions, such as the Qinghai-Tibet, Xinjiang, and Inner Mongolia regions. 
Disaster Reduction Capability Assessment
The assessment results of disaster reduction capability for flash floods in China were calculated based on the above methods, and are shown in Figure 5 . The spatial pattern shows that the weakest disaster reduction capability mainly occurred in northwest China and the strongest disaster reduction capability was chiefly distributed in southeast China ( Figure 5 ). Previous research has provided a grading method for disaster reduction capability: extremely low (0−0.13), low (0.13−0.34), moderate (0.34−0.39), high (0.39−0.47), and extremely high (0.47−1.0) [51] . The quantity, area, and proportion of disaster reduction capability for each grade are shown in Table 5 . Three hundred sixty-six counties (43,441,600 ha) had extremely high disaster reduction capability, 344 counties (91,602,900 ha) had high reduction capability, 1043 counties (4,66,303,500 ha) had moderate reduction capability, 211 counties (52,172,500 ha) had low reduction capability, and 174 counties (774,600 ha) had extremely low reduction capability (Table 7) . 
The assessment results of disaster reduction capability for flash floods in China were calculated based on the above methods, and are shown in Figure 5 . The spatial pattern shows that the weakest disaster reduction capability mainly occurred in northwest China and the strongest disaster reduction capability was chiefly distributed in southeast China ( Figure 5 ). Previous research has provided a grading method for disaster reduction capability: extremely low (0-0.13), low (0.13-0.34), moderate (0.34-0.39), high (0.39-0.47), and extremely high (0.47-1.0) [51] . The quantity, area, and proportion of disaster reduction capability for each grade are shown in Table 5 . Three hundred sixty-six counties (43,441,600 ha) had extremely high disaster reduction capability, 344 counties (91,602,900 ha) had high reduction capability, 1043 counties (4,66,303,500 ha) had moderate reduction capability, 211 counties (52,172,500 ha) had low reduction capability, and 174 counties (774,600 ha) had extremely low reduction capability (Table 7) . As to spatial patterns, the high and extremely high disaster reduction capabilities were primarily concentrated in central China, such as the Qinling-Huaihe area (red ellipse). The low and extremely low disaster reduction capabilities were principally distributed in the middle and lower reaches of the Yangtze River ( Figure 5 ). The areas and proportions of disaster reduction capabilities of flash floods for the 30 provinces in China are shown in Table 8 . Jiangxi (6.5 × 10 6 ha), Fujian (4.8 × 10 6 ha), Yunnan (4.6 × 10 6 ha), Hebei (4.3 × 10 6 ha), Guangxi (4.4 × 10 6 ha), and Hunan (4.4×10 6 ha) had extremely low disaster reduction capabilities. These provinces have more than 40,000,000 ha of areas with low disaster reduction capability, of which Jiangxi is the largest, reaching 6,462,000 ha. Gansu (1.2 × 10 7 ha), Hubei (1.0 × 10 7 ha), Shaanxi (8.8 × 10 6 ha), Sichuan (8.3 × 10 6 ha), Liaoning (5.5 × 10 6 ha), and Shanxi (4.6 × 10 6 ha) had extremely high disaster reduction capabilities, and these provinces have more than 3,300,000 ha of areas with high disaster reduction capabilities ( 
Vulnerability Assessment
According to the exposure and disaster reduction capability assessment results, the vulnerability value of each unit was calculated based on Equation (10) . The vulnerability results are divided into five grades based on the natural break point method: extremely low (0−0.27), low (0.27−0.54), moderate (0.54−0.6), high (0.6−0.7), and extremely high (0.7−1.0) [51] . The quantity, area, and proportion of each vulnerability grade are shown in Table 9 . Sixty-one counties (12,268,600 ha) had extremely high vulnerability, 378 counties (87,143,300 ha) had high vulnerability, 571 counties (181,575,400 ha) had moderate vulnerability, 692 counties (348,242,000 ha) had low vulnerability, and 436 counties (25,065,800 ha) had extremely low vulnerability (Table 9 ). 
According to the exposure and disaster reduction capability assessment results, the vulnerability value of each unit was calculated based on Equation (10) . The vulnerability results are divided into five grades based on the natural break point method: extremely low (0-0.27), low (0.27-0.54), moderate (0.54-0.6), high (0.6-0.7), and extremely high (0.7-1.0) [51] . The quantity, area, and proportion of each vulnerability grade are shown in Table 9 . Sixty-one counties (12,268,600 ha) had extremely high vulnerability, 378 counties (87,143,300 ha) had high vulnerability, 571 counties (181,575,400 ha) had moderate vulnerability, 692 counties (348,242,000 ha) had low vulnerability, and 436 counties (25,065,800 ha) had extremely low vulnerability (Table 9 ). The flash flood vulnerability for 30 provinces in China are shown in Table 10 . Fujian (1.1 × 10 7 ha), Jiangxi (1.0 × 10 7 ha), Guangxi (8.9 × 10 6 ha), Hebei (7.8 × 10 6 ha), and Zhejiang (5.2 × 10 6 ha) had the highest vulnerability, followed by Sichuan, Guizhou, Yunnan, and Hunan. The lowest vulnerabilities occurred in Tibet, Xinjiang, Qinghai, and Inner Mongolia (Table 10 ). As to the spatial pattern, the highest vulnerabilities were mainly distributed in Chengde (1.0), Shahe (0.98), Kuancheng Manchu autonomous, Longhua, Xinglong, Pingquan, Tongan, Anxi, Jinzhou, and Ninghai (Figure 6a) . By comparing China's exposure and disaster reduction capabilities, there are two primary factors that lead to high vulnerability: one is that vulnerable areas have low disaster reduction capability, such as Ninghai, Qujiang, Shengzhou, Kaihua, Shanghang, Youxi, Da'tian, Minqing, Tong'an, and Chengde, and the other is that vulnerable areas have high exposures, such as Pingyang, Nanan, Fu'an, Ningde, Xunyang, Songxian, and Xixia. The distribution of the Moran scatter points shows that the global indicators of spatial association (GISA) characteristics of flash flood exposure, disaster reduction capability, and vulnerability are obvious in China, and the GISA results indicated that the exposure, disaster reduction capability, and vulnerability for flash floods in China presents the pattern: disaster reduction capability > exposure > vulnerability (Moran's I values are 0.351, 0.377, and 0.255, respectively). Many points mainly occurred in the I and III quadrants, indicating that the counties' vulnerability in China, were characterized by "High-High" (H-H) and "Low-Low" (L-L) aggregation (Figure 7) .
The results of local spatial autocorrelations of vulnerability in different counties of China The distribution of the Moran scatter points shows that the global indicators of spatial association (GISA) characteristics of flash flood exposure, disaster reduction capability, and vulnerability are obvious in China, and the GISA results indicated that the exposure, disaster reduction capability, and vulnerability for flash floods in China presents the pattern: disaster reduction capability > exposure > vulnerability (Moran's I values are 0.351, 0.377, and 0.255, respectively). Many points mainly occurred in the I and III quadrants, indicating that the counties' vulnerability in China, were characterized by "High-High" (H-H) and "Low-Low" (L-L) aggregation (Figure 7 (Figure 7) .
The results of local spatial autocorrelations of vulnerability in different counties of China showed that there are obvious aggregation areas (Figure 6b) . The H-H spatial agglomerations mainly occurred in the Zhejiang, Fujian, Jiangxi, Hunan, Guangxi, Chongqing and Beijing areas. The L-L spatial agglomerations were chiefly distributed in Shanxi, Shaanxi, Gansu, Qinghai, and Xinjiang. The statistical results of vulnerable counties in China's first-level geomorphic areas are shown in Figure 8 . There are 191 highly vulnerable counties and 29 extremely vulnerable counties in the southeast low-middle mountainous area (II), accounting for 29.5% of counties in those geomorphic areas. The counties with excessive medium vulnerability numbers are in eastern mountainous and plain areas (I) and southwest middle-high mountainous areas (V), which are second only to that of district II. The two regions contain 89 and 82 counties, respectively. Among them, the southwest middle-high mountainous area (V) has the largest number of medium vulnerability counties, The results of local spatial autocorrelations of vulnerability in different counties of China showed that there are obvious aggregation areas (Figure 6b) . The H-H spatial agglomerations mainly occurred in the Zhejiang, Fujian, Jiangxi, Hunan, Guangxi, Chongqing and Beijing areas. The L-L spatial agglomerations were chiefly distributed in Shanxi, Shaanxi, Gansu, Qinghai, and Xinjiang.
The statistical results of vulnerable counties in China's first-level geomorphic areas are shown in Figure 8 . There are 191 highly vulnerable counties and 29 extremely vulnerable counties in the southeast low-middle mountainous area (II), accounting for 29.5% of counties in those geomorphic areas. The counties with excessive medium vulnerability numbers are in eastern mountainous and plain areas (I) and southwest middle-high mountainous areas (V), which are second only to that of district II. The two regions contain 89 and 82 counties, respectively. Among them, the southwest middle-high mountainous area (V) has the largest number of medium vulnerability counties, totaling 311 medium vulnerable counties. There are no high vulnerability counties in the northwest middle-high mountainous basin area (IV) and the Qinghai-Tibetan Plateau (VI) (Figure 8) . 
Discussion
The Assessment Methodology
The vulnerability assessment methods are different in their description, theoretical framework, variables, and methodology. In this study, a multi-dimension analysis of indicators was proposed to calculate the flash flood vulnerability in China. In this study, the model can be extended into a more comprehensive assessment of flash flood vulnerability in China, including social exposure, material 
Discussion
The Assessment Methodology
The vulnerability assessment methods are different in their description, theoretical framework, variables, and methodology. In this study, a multi-dimension analysis of indicators was proposed to calculate the flash flood vulnerability in China. In this study, the model can be extended into a more comprehensive assessment of flash flood vulnerability in China, including social exposure, material exposure, susceptibility, and coping ability. Compared with previous models, the SVM method not only avoids the influence of human factors, but also extends the information content [19] . In addition, the application of a comprehensive vulnerability assessment of flash floods can more accurately and locally identify the spatial patterns of vulnerable areas for flash floods in China [52] . Due to a lack of national data on resilience, the disaster reduction indicators only included susceptibility and coping ability. Hence, a fully objective vulnerability assessment of flash floods in China is impossible [53] . In this study, based on the principles of systematization, comparison, and regional applicability, an index system for vulnerability assessment was established by using the existing regional statistical data. However, there are other factors that contribute to regional vulnerability, such as disaster intensity and density. Disaster intensity can be defined as the shock and destructive capacity of mountain torrents on groups or communities. The "disaster density" defines the number of flash floods per unit area. This value indirectly suggests the frequency of flash floods in the evaluation unit. Furthermore, the allocation of relief funds depended largely on the spatial patterns of disaster density and loss in China. Therefore, it is suggested that these indexes be added to vulnerability assessments of specific local areas.
Exposure, Disaster Reduction Capability, and Vulnerability Analysis of Flash Floods in China
With respect to flash flood risk, the significance of quantifying exposure, disaster reduction capability, and vulnerability has been emphasized by previous research [18, 54] . The results showed that vulnerability was positively correlated with exposure and negatively correlated with disaster reduction. This conclusion is consistent with the results of debris flow vulnerability in the Minjiang River Basin [19] . When the exposure value was equal to 0, the vulnerability did not exist. For example, Guangdong has a high exposure and disaster reduction capability. Finally, the vulnerability of flash floods is only moderate in Guangdong. Within the context of flash floods, the spatial patterns of exposure, disaster reduction capability, and vulnerability can assist managers in recognizing areas with sensitive populations and economies, lower capabilities to respond, and lower reduction capabilities of disaster. Thus an immediate response is required following flash flood events in these areas, and special attention is required during the process of disaster prevention and mitigation [54] .
The spatial patterns of exposure revealed that areas with high population density, high GDP, and a high density of public infrastructure had a higher sensitivity to flash floods [52, 55] . In the developed east and southeast coastal areas of China, due to the impact of dense populations, concentration of enterprises and institutions, and a high economic density, the region is extremely sensitive to flash floods. However, in the western and northwestern regions of China, such as Tibet, Xinjiang, and Gansu, where there are few people, backward economics, and imperfect infrastructure, which led to the extremely low exposure of flash floods in these regions (Figure 4 ). Overall, the exposure level gradually increases from west to east in China, which was supported by previous studies [48, 56] . In addition, our results were also consistent with the economic activities in China [57] , which also indirectly reflect the influence of China's topography on flash floods.
It was observed that high disaster reduction capabilities were mainly distributed in the northern, central, and southwestern regions of China, indicating that people can quickly cope with losses and have a strong resistance capacity to flash floods in these zones ( Figure 5 ). The spatial patterns of disaster reduction capabilities revealed that regions with high monitoring and early warning capabilities, high road densities, high river densities, and good medical rescue abilities had higher flash flood susceptibility and coping abilities [11, 52] . As to the west areas of China, such as Tibet, Xinjiang, and Qinghai, people's coping ability and resistance to flash floods are low, mainly due to an outdated social economy and low self-rescue and medical rescue capabilities [58] . Similarly, in the Qinling-Huaihe areas of China, the results of the disaster reduction assessment were consistent with the previous studies in the Gansu, Shaanxi, Henan, and Anhui provinces [24, 59, 60] . In the developed areas of eastern China, such as Fujian and Zhejiang, the disaster reduction capability of most counties was at low levels. This can be explained by low facility density of monitoring and early warning in the Fujian and Zhejiang provinces. Furthermore, these two regions are in highly exposed areas, and flash floods will lead to huge economic and property losses every year [61, 62] .
The vulnerability results will be used to estimate the maximum amount of loss resulting from flash floods. The vulnerability results indicated that the grade of vulnerability to flash floods in China presents the pattern: West and Northwest < Central < East and Southeast. Our results are consistent with the vulnerability results of geological disasters based on three-stage DEA analysis in China [63] . The distribution characters of vulnerability are similar to China's population density and GDP distributions [27] . The results shown that high vulnerability to flash floods is mainly distributed in Fujian, Zhejiang, Jiangxi and Hebei, while low vulnerability occurs in regions with backward economics or high disaster reduction capabilities, including Beijing and Guangdong. The H-H spatial agglomeration areas are related to the high population density, social and economic development, and backward construction of disaster prevention and mitigation. The vulnerability distribution results were consistent with previous studies, which analyzed social vulnerability in China based on evaluation indicators of the social economy and building environment [48] . A comparison was performed between disaster reduction capability ( Figure 5 ) and exposure (Figure 4) . High exposure values were primarily distributed in areas with better social and economic development, but high disaster reduction ability had no correlation with high exposure. This indicates that the relationship between China's disaster prevention and reduction work and social and economic development is uncoordinated, as has been seen in a previous study [64] [65] [66] [67] .
These results provide a basis for the exposure, disaster reduction capability, and vulnerability to flash floods in China. These maps can help the Chinese government organize and plan the future layout of cities, buildings, roads, populations, and economies. Vulnerability assessment results are an important part of risk assessments that promote risk zoning research of flash floods in China.
The Limitations and Implications
Although there are uncertainties in the vulnerability analyses, the proposed method can identify areas where the greatest loss results from flash floods. The final results should be conservative due to various assessment indexes [20] . Obviously, prevention and mitigation of flash floods should be emphasized in cities and regions with high vulnerability, whether this risk is to human life or economic factors. For future studies, dynamic flood risk assessment models should be established based on the assessment framework in this study by using the various datasets. In addition, there are other factors that will lead to regional vulnerability, such as population age, structure, cultural level, existing medical conditions, risk density, disaster intensity, etc. Therefore, for a flash flood vulnerability assessment in special areas, the selection assessment indicators should take into account the characteristics of the area. However, future research is needed to test the validity of vulnerability assessments by employing advanced statistical or quantitative methods. Since the 2008 Wenchuan earthquake, people are particularly aware of the capacity to restore and rebuild [68] . This can be extended to other aspects, such as frequency, process size, coping ability, resilience, and adaptability, by using more complex variables if the data is available [19, 41, 69] , which will be another aspect to explore with regards to regional vulnerability to flash floods. For these reasons, the developed method can greatly benefit people in identifying flash flood vulnerability and taking measures for sustainable development.
Conclusions
A new vulnerability model was proposed based on previous studies that have investigated flash flood vulnerability. The present study mapped and analyzed the exposure, disaster reduction, and composite vulnerability of 30 provinces, 305 cities, and 2138 prevention and control counties in China. Using counties as research units, an assessment model was established based on the SVM. It was defined as a function of exposure (E) and disaster reduction capability (Re) of vulnerability elements. Exposure reflects the degree of disturbance by flash floods, and disaster reduction capability reflects the ability of exposed elements to withstand a certain intensity and the ability for resilience. In this study, a comprehensive understanding of the regional disparities of China's exposure, disaster reduction capability, and vulnerability to flash floods and the correlation between these factors was obtained. The exposure revealed that central and southeast China areas have high-density residential, commercial, industrial buildings, roads, highways, tunnels, bridges, and populations. The spatial patterns of exposure showed that high-exposure areas mainly occurred in Yongjia, the Yujiang, Ninghai, Pingyang, Xiafu, Nanan, and Xianyou. Disaster reduction capability showed that the relationship is absonant between disaster reduction capability and socio-economic development in China. Most of the counties and cities with strong disaster reduction capabilities are mainly concentrated in the central part of China. Low disaster reduction capabilities were chiefly distributed in the eastern and southeastern regions of China, while the eastern and southeastern regions had high exposure. The spatial patterns of vulnerability showed that high-vulnerability areas were primarily distributed in counties with high population densities, more built-up land, developed transportation networks, and high property values, such as Minhou, Anxi, Tong'an, Ninghai, and Zhangzhou. The distribution of exposure, disaster reduction capability, and vulnerability of flash floods in China showed a positive spatial correlation, and the H-H spatial agglomeration areas mainly occurred in the Zhejiang, Fujian, Jiangxi, Hunan, Guangxi, Chongqing and Beijing areas.
The results indicated that regions with high economic and high population densities may be influenced by flash floods in the future. Although the model had limitations in terms of spatial resolution and temporal scale, the results for the high-vulnerability areas can alert local government officials to "hot spots." In these places, a more favorable analysis should be conducted. These findings provide a scientific base for guiding policy decisions regarding flash flood prevention and mitigation in the future.
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